Challenges and opportunities in visual interpretation of Big Data
We are in the middle of a big data revolution. We are generating more data than ever ; both in terms of quantity and type. But it is important to distinguish between the marketing buzz around big data in order to understand what it really means. Let us look at big data from the lens of the attributes attached to the classical definition of data. [2] 1. Volume -The most intuitive characteristic about data is the amount of data itself.
In fact, it is the sheer amount of data that we generate and process these days that poses challenges to interpreting it.
2. Velocity -Velocity refers to the idea of the amount of data flowing through an interface in unit time.
3. Variety -Traditional data formats were relatively well defined by a data schema and changed slowly. In contrast, modern data formats change at a dizzying rate. This is referred as variety in data.
4. Value -The value of data varies significantly. The challenge in drawing insights from data is identifying what is valuable and then transforming and extracting the data for analysis.
Our working definition of big data in this paper would be [3] Exploratory data analysis enables us to crunch through large volumes of data to develop a frame that describes it. Examining many points can be wasteful because the analyst needs to shift attention repeatedly. Digital visualizations are often designed to either support exploration or enrichment. Let's consider an example.
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Search interface in Google Scholar is effective in returning useful queries when during exploration of published research literature. Users have a much harder time organizing and managing the results, necessitating efforts that help users curate and rediscover knowledge they develop during course of searching. [7] As the dimensions of data keep on increasing, filters with discrete values or range and similar hard constraints become insufficient to model the information need.
Towards effective visualizations
Rzeszotarski describes an approach for generating data visualizations to address these issues [1] . Users constantly interpret data by taking small steps that generate insight while exploring the data.These steps include developing hypotheses, and testing them through experimentation and observation before finally returning to exploration. A key challenge is to help users develop a consistent model when they explore data. Actions that cause changes in the visualization of data (for example applying filter to remove points and instantly relocate others as axis scales adjust) tend to disrupt user's perception of the scene and also affect recall and require more attention [10] . Moreover, users make incremental progress while analysing. More often than not, most data exploration systems do not reflect a trace of their past action which have lead them to the current state. Users may not remember the particular steps that lead to their current position on data. Another challenge while data scales up is to help users develop models for information that may surpass their working memory limits.As data scales up, another challenge is to help users model information that may exceed their working memory limits. For instance, a user attempting to track a relationship that spans three or four dimensions may have 7 to compare between three or four different charts to find it, due to interface restrictions .This could get taxing and difficult to manage , even for an expert.
Going by the fact that sensemaking performance is influenced by motivation and efficacy [11] , interfaces should encourage exploration and extensive data digging. Complex interfaces may require long periods of training and might be overwhelming and intimidating for new comers [12] . Current research provides an insight into not only delivering easy and motivating interfaces, but also solving the problems of enhancing recall and modeling mentioned in the previous paragraph. Users are already well trained for interaction with objects in the real world.
By designing exploratory visualization tools that use physics and naturalism to match users' real life experiences, fluidly move between analysis steps (as real objects do), and utilize touch modalities that bind users and their interface actions [13] , exploratory performance can be improved. 
Generative framework for big data visualizations
Rzeszotarski describes a naturalistic or physics-based visualization affordance as an interaction or visual affordance that resembles a real world physical phenomenon. This is described in Figure 2 • The user can employ forces to act on physical points either independently or as a result of their unique data. For instance, a magnet may repulse points with low values in a particular dimension.
• The user may use layout tools to force points into strict, meaningful locations, breaking with the physics metaphor when necessary (such as when allowing points to pass over or under others to avoid being trapped).
• The user can mutate points, for example combining multiple points into one group so as to observe more points at once. It can be used infer larger trends.
• The user can impose conditional barriers that block or selectively block points based on criteria.
• The user can filter out points to help avoid overload or choose only a small subset of interest.
• The user may use queries and overlays to change the appearance or behavior of points on the screen.
Conclusion
This framework could be used in many different ways. This could be used to generated interactive visualizations which can function using a keyboard, mouse or multi-touch, though multi-touch offers the greatest opportunity for naturalism and closeness to the user [13] Furthermore, these concepts can be combined to generate a much richer set of potential physics
